Abstract-Trend following plays an important role in technical analysis for trading financial instruments. In this paper, we propose a model based on Float-encoding Genetic Algorithm (FGA) to determine the best thresholds for trend following in financial time series. Trend following is based on the thresholds called P&Q which is calculated from the amount of an uptrend and downtrend to determine when to buy and sell at a particular time point. In our model, we first smooth the closing price by Exponential Moving Average (EMA) and partition the sample data into two parts respectively for training and testing. During the training session, FGA is used to find the best P&Q values which optimizes the average return based on a chosen EMA. The resulted P&Q is then evaluated against the testing data. Experiments conducted on Hang Sang Index (HSI) from Hong Kong shows promising results.
INTRODUCTION
There are two approaches for trading in financial markets; fundamental analysis and technical analysis. In fundamental analysis, the movement of the price is predicted based on the factors such as profit and loss, performance data, and analysis for the corresponding industry [11] . Other factors such as government policies and political climate are also taken into account for the analysis. Fundamental analysis often fails to predict price movement due to the sheer number of factors involved and the influence of the biases from the analysts' judgment.
In technical analysis, factors such as historical price, volume, and other statistical data are used to predict the future price movement [10] . In technical analysis it is assumed that all information is already reflected in the price data [11] and charts and other tools are used to identify patterns that can suggest future activity. A number of technical indicators can be included in technical analysis such as MA, EMA, MACD, and RSI.
One of the strategies used in technical analysis is called trend following [12] in which trading decisions are made based on the measure of price increase or decrease from a chosen time point. In trend following, predefined rules are often used to monitor the market trend and traders follow the direction of the market in making decision. For instance, when the price goes up, it is likely that the uptrend will continue for a certain period of time and therefore the trader may take a long position. When the price drops, it is often the case that the price will further decrease for a certain period of time and therefore trader may start selling. Such buying and selling decisions are made when the uptrend or downtrend is greater than predefined thresholds. A number of approaches for calculating the thresholds have been reported in literature. In this paper, we propose a model based on Floatencoding Genetic Algorithm (FGA) to determine the best thresholds for trend following in financial time series.
We introduce the definition of thresholds and the procedure of Float-coding Genetic Algorithm in section 2. The results of the experiment on HSI data is detailed in section 3. Related work is reviewed in section 4 and we conclude the paper with future work in section 5.
II.
TRANSACTION MODEL IN STOCK TREND FOLLOWING
When to buy and sell is one of the key problems in the trend following. Therefore, a pair of threshold values P&Q is defined in [7] to denote the amount of an uptrend (downtrend) that triggers a buying (selling) signal. The process of P&Q in generating trading signals is depicted in Figure 1 . In trend following, a buy signal is generated when the uptrend in price is greater than a predefined threshold P. A sell signal is generated when the downtrend exceeds a predefined threshold Q.
Two methods of determining P&Q are discussed in [7] . They can be classified as static or adaptive approaches where in the former it remains constant over the whole stock periods and in the latter, it changes to adapt different trends. However, these methods rely on heuristics to determine the values P&Q. In this paper, we propose an approach for determining the value of P&Q based on Float-encoding Genetic Algorithm (FGA). In our approach, user provides the ranges for P&Q based on the desired level of risk. Based on these ranges, our proposed algorithm calculates the values of P and Q that maximize the average return over the last 10 years. Fluctuation occurs in stock price. In order to apply P&Q, it is necessary to smooth the fluctuated price trend through technical indicators such as Simple Moving Average (SMA), Weighted Moving Average (WMA), Exponential Moving Average (EMA), etc. In this paper, we adopt EMA which gives more weight to recent prices and ever-decreasing weight to older data relative to the SMA and WMA. EMA can be calculated as follows:
where t and n are the transaction day and smoothing day. Different value of n can greatly affect the result in our model. price(t) is the closing price on t th day.
In this paper, we use a Genetic Algorithm (FGA) to find the values of P&Q that optimize the average return. GA uses stochastic operators instead of deterministic rules to search the solution space and it employs implicit parallelism. However, the binary representation for defining chromosomes is unsuitable for multidimensional or large range numerical problems. For example, in our model, the ranges provided by the user for P and Q can be large depending on the acceptable risk level and therefore the corresponding chromosome with binary encoding can be very long. To alleviate this problem, the Float-encoding Genetic Algorithm is used in this paper. Unlike the binary encoding, FGA uses real value as the genes of chromosome together with special operators. As in the binary encoding GA, there are three basic operators in the FGA [1] : selection, crossover and mutation. In every generation, the fitness of each individual is calculated. Individuals with higher degree of fitness are allowed to survive in the next generation, while the weaker ones are replaced. We define the chromosome as a pair of floating point values representing P&Q.
The fitness function for the proposed FGA is defined in terms of average return resulted from using the corresponding P&Q pair in the chromosome. Average return is calculated based on the daily closing price. For the sake of simplification, we ignore the dividend and other service charges in calculation. We can define the average return as follows:
where buy(i, t) and sell(i, t') are the buying price and selling price in the i th transaction. A transaction comprises a buying and its subsequent selling actions. t and t' are the timestamps of this two actions respectively. N is the total pair of transactions in the training data.
The purpose of selection operator is to select the individuals which have higher degree of fitness for evolution. The selected individuals are then stored in the "mating pool" based on their fitness values. In this paper, we adopt Roulette Wheel Selection method and the selection operator proposed in [1] is adopted for our model. (3) 3) Calculate the selection probability of each individual
The selection probability of i th individual is the defined as the cumulated proportion from the first individual to the i th individual. Next, a random number R (0 R 1) is generated. Based on R, we select the (i+1) th individual that meets the condition P(v i ) < R < P(v i+1 ). Repeat this step until the required number of individuals is selected.
Crossover is a crucial operator in the FGA. During the evolution, crossover combines genes to generate new solutions. Crossover operator can be defined as follows: begin ; ) 1 ( :
; endfor end where P 1 and P 2 are the genes of two parents respectively. ' 1 P and ' 2 P are the corresponding new genes of offspring after the crossover operation. ! and " are the random numbers in the range (0,r) where r <= 1. L and R are the lower and upper bounds for P value. Crossover operation for Q is also defined in a similar way.
Mutation is used to alter one or more gene values in a chromosome from its current state. Mutation reduces the possibility of the searching process falling into local optimal solution. The mutation operator is defined as follows:
where # is a random number in the range of zero and one. k is a constant learning parameter. P' and P are the genes of new and old chromosome. L and R are the lower and upper bounds for P and they are predefined before the mutation operation. The purpose of the function rand is to generate either 0 or 1. Mutation operation for Q can be also defined in a similar way.
III. Following parameters are used for FGA in our experiment:
EXPERIMENTAL RESULTS

Experiments
• The total number of generations = 3000.
• The size of population in each generation = 100.
• The proportion of individuals kept for the next generation = 30%. These individuals are the fittest members from the entire generation.
• The probability for the crossover operation = 0.8. (i.e. a randomly selected pair of chromosomes has the 0.8 probability to generate new offspring by crossover operator.) • The probability for the mutation operation = 0.1. (i.e.
the genes of a chromosome have 0.1 probability for being mutated.)
Before the calculation, the ranges for P and Q can be input by the user based on their trading strategies and risk appetite. Next, FGA finds the best P&Q values which optimizes the average return for the given training period. Average return is calculated based on the daily close price from the historical data. Then the found P&Q values are used for trading on the testing period. Finally, the average return made during the testing period is recorded for analysis.
In Table 1 we show the results corresponding to different predefined P&Q ranges and EMA parameters. The EMA parameters considered in our model are 5, 10, 21, 30 and 50 which are widely used for smoothing price data in technical analysis. Note that the ranges predefined for P&Q can implicitly reflect the risk appetite of the trader. Small ranges for P&Q can trigger more trading signals although some of them are unprofitable. We compile a subset of cases in Table 1 for some combination of P&Q and EMA. TTR and TTS denote the total number of transaction signals during training and testing intervals. Return1 and Return2 denote the net average return during training and testing intervals.
From the Table 1 , we can observe that larger the parameter of EMA, the less trading signals are generated. The numbers of generated signals are relatively lower for larger EMA since the trends produced by EMA are smoother compared to smaller EMA. In addition, we can observe that the returns generated in testing period (the rightmost column of Table 1 ) for smaller EMA are lower than the returns generated for larger EMA indicating the presence of false trading signals.
Using small ranges for P or Q and a short-day EMA can trigger high volume of false trading signals and thus cause the so-called high-frequency trading. In contrast, larger ranges for P or Q and a long-day EMA can also overlook significant number of suitable trading signals. The experimental results given in Table 1 highlight the fact that the choice of P&Q and EMA can significantly influence the outcome of the trend following. IV. RELATED WORK In algorithmic trading, trading operations can be wholly or partially executed automatically by the computers [2] . Artificial intelligence is one of the core methods to make strategies in the automatic trading. A number of recent work have been reported on automatic trading using evolutionary computation (e.g. [3] [4] [6] ). Trend following is an important strategy in the algorithmic trading which follows the stock trend and then make trading decisions. However, mistaken beliefs, psychological factors, and biases can cause the wrong parameters to be selected for trend following. Effect by behavioral biases on technical trend followers' trading performance is studied via a simulation based on moving average strategy in [5] . Thus, scientifically determining the time for buying and selling is essential.
Trend following can probably accumulate profit in the long run by obtaining more gains than loses. However, it doesn't guarantee profit every time and it poorly performs especially during the period when certain form of fluctuation occurs. Some scholars have applied different strategies to determine the trading signals by dynamically adapting to the fluctuation in the stock trend. For instance, Fong et al. adopted RSI (Relative Strengthen Index, a technical analysis indicator) to fit different trends [7] and a Trend Recalling model is proposed to match the current trend with the past underlying historic data to recognize the financial cycle [8] .
V. CONCLUSION AND FUTURE WORK
In this paper, we introduce an evolutionary approach for trend following based on Float-encoding Genetic Algorithm. FGA in our model uses implicit parallel search to find the best P&Q values for optimizing the returns. The proposed model was trained and tested on the historical price data from Hong Kong Hang Sang Index. The experimental results show that proposed trend following with FGA approach achieves promising result in inter-day trading sessions.
We also observe that the model achieves relatively high returns in the stock with high fluctuations and performs poorly in the stock with relatively stable fluctuation. We also find that the model often generates false trading signals while tracking short uptrends or downtrends. This is due to the fact that only one pair of P&Q is used throughout the training and testing period and the chosen P&Q is not completely suitable to the fluctuation in different period of the stock. In order to alleviate this problem, we are planning to segment the stock trend data into different fluctuation intervals before using FGA to determine the optimal P&Q.
